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Calcium phosphates ceramics are widely used as implants and scaffolds in different orthopedic and dental applications. Major chemical and physical
properties of these bioceramics; such as solubility, biodegradation, and mechanical behavior; are dependent on their structures, which in turn are mostly
determined by the calcium to phosphate (Ca/P) ratio in their empirical formula. In this study, the Ca/P ratio of wet chemically synthesized calcium
phosphate powders was estimated using a three-layered back-propagation neural network (BPNN). Biphasic calcium phosphate (BCP) samples were
synthesized via wet chemical method to prepare the training and testing data sets. The pH and Ca/P ratio of the reactants were considered as inputs and the
Ca/P ratio of the products was considered as the output parameter. BPNN was then optimized by changing the number of samples for each stage and
the number of hidden layer neurons. The accuracy of the optimized network was tested using additional empirical samples that had not been used in the
training stage. The synthesized powders were characterized by X-ray diffraction and Fourier transform infrared spectroscopy techniques. Comparing
the results of the predicted values and the experimental data indicate that the developed model has an acceptable accuracy in estimating the Ca/P ratio of the
BCP powders, and that a proper correlation between the actual and calculated values exists. By predicting the Ca/P, synthesis condition can be tailored to
obtain desired properties according to the biomaterial application requirements.
& 2014 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/3.0/).
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Calcium phosphate bioceramics are attractive materials for
medical and biological applications, particularly as bone
substitutes, because of their chemical similarity with natural
bone tissue, their bioactive properties, and their excellent
biocompatibility [1,2]. Various kinds of calcium phosphate
bioceramics are available, each having different chemical
compositions and physical properties. The most important
properties of CP phases are mainly determined by their Ca/P
ratio, which is the key structural feature that governs dissolu-
tion, and as a consequence, biodegradation behavior of
different calcium phosphates [3]. The relationship between
Ca/P ratio and solubility of different calcium phosphates is
shown in Table 1 [4]. Even though the synthesis route and10.1016/j.ceramint.2014.04.095
14 The Authors. Published by Elsevier Ltd. This is an open acces
mmons.org/licenses/by-nc-nd/3.0/).
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ss: mitra@um.edu.my (M. Asadi-Eydivand).exact composition and stoichiometry seemingly affect solubi-
lity, the generally accepted order of solubility of widely used
crystalline CP phases is: DCP4α-TCP4β-TCP⪢HAp.
The other factor that inﬂuences the structure, and therefore
the properties, of wet-chemically synthesized CPs is the pH
of the reaction. The exact composition of calcium phosphates
is strongly depends on the state of orthophosphate species,
which in turn is vigorously affected by the pH of the reaction
environment.
This dependency is shown in Fig. 1 [5].
The stability of calcium phosphate (CP) phases in aqueous
solutions is shown in Fig. 2 [6] in terms of a typical solubility
diagram. Tca and Tp are the total molar concentrations of
calcium and phosphate, respectively.
Hydroxyapatite (HAp) and β-tricalcium phosphate (β-TCP)
are the two most common substitutes for damaged bone [7-12].
Hydroxyapatite has a chemical formula of Ca10(PO4)6(OH)2 and
a Ca/P ratio of 1.67 in its stoichiometric form. Hydroxyapatites article under the CC BY-NC-ND license
Table 1
Properties of the biologically relevant calcium orthophosphatesa [4].
Ca/P
ratio
Compound Formula Solubility at 25 1C,
 log (Ksp)
Solubility at 37 1C,
 log (Ksp)
pH stability range
in aqueous solution
at 25 1C
0.5 Monocalcium phosphate
monohydrate (MCPM)
Ca(H2PO4)2 H2O 1.14 No data 0.0–2.0
0.5 Monocalcium phosphate
anhydrate (MCPA)
Ca(H2PO4)2 1.14 No data
d
1.0 Dicalcium phosphate dihydrate
(DCPD, “brushite”)
CaHPO4  2H2O 6.59 6.63 2.0–6.0
1.0 Dicalcium phosphate anhydrate
(DCPA, “monetite”)
CaHPO4 6.90 7.02
d
1.33 Octacalcium phosphate (OCP) Ca8(HPO4)2(PO4)4  5H2O 96.6 95.9 5.5–7.0
1.5 α-tricalcium phosphate (α-TCP) α-Ca3(PO4)2 25.5 25.5 b
1.5 β-tricalcium phosphate (β-TCP) β-Ca3(PO4)2 28.9 29.5 b
1.2–2.2 Amorphous calcium phosphate
(ACP)
Cax(PO4)y  nH2O c c e
1.5–1.67 Calcium-deﬁcient
hydroxyapatite (CDHA)
Ca10x(HPO4)x(PO4)6x(OH)2x
(0oxo1)
E85.1 E85.1 6.5–9.5
1.67 Hydroxyapatite (HA) Ca10(PO4)6(OH)2 116.8 117.2 9.5–12
2.0 Tetracalcium phosphate (TTCP) Ca4(PO4)2O 38–44 37–42
b
aThe solubility is given as the logarithm of the ion product of the given formulae (excluding hydrate water) with concentrations in mol/L.
bThese compounds cannot be precipitated from aqueous solutions.
cCannot be measured precisely.
dStable at temperatures above 100 1C.
eAlways metastable. The composition of a precipitate depends on the solution pH value and composition.
Fig. 1. Change of phosphate species with pH in H3PO4 [5].
Fig. 2. Solubility isotherms of calcium phosphate phases at 37 1C and I¼0.1 M
[6].
M. Asadi-Eydivand et al. / Ceramics International 40 (2014) 12439–1244812440has demonstrated bioactivity and bonding ability with bones,
but is not signiﬁcantly dissolvable in the physiological environ-
ment at signiﬁcant amounts. By contrast, β-tricalcium phosphate
(β-TCP), which has a chemical formula of Ca3(PO4)2 and a
Ca/P ratio of 1.5, has been characterized as a biodegradable
bone replacement material.
Biphasic calcium phosphate (BCP) implants consisting of HAp
and β-TCP phases have been rapidly developed in the last two
decades to control the rate of biodegradation of these bone
replacement materials [10,13–16]. The biodegradation rate and
bioactivity of BCPs can be controlled by varying the HAp/β-TCP
ratio. The β-TCP phase is more soluble and biodegradable, whilethe less soluble HAp phase enhances the biological apatite
precipitation rate and osteoconductivity [10,17]. In general, the
solubility of CP materials increases with a decrease in their Ca/P
M. Asadi-Eydivand et al. / Ceramics International 40 (2014) 12439–12448 12441ratio, which in turn leads to a higher biodegradability [18,19]. By
predicting the Ca/P of the products; the conditions of wet chemical
synthesis of biphasic calcium phosphate biomaterials can be
customized to obtain optimal solubility and degradability behavior,
and to meet the application requirements.
Several widely-used processes include wet chemical hydro-
thermal solid-state, and sol–gel methods. The degree of
success in preparing HAp and β-TCP signiﬁcantly varies from
one method to another [10]. However, the common wet
chemical precipitation method, particularly those performed
at atmospheric pressure, allows direct control of the synthesis
condition and is therefore the most convenient way to prepare
calcium phosphates powders [20–22]. BCP powders consisting
of HAp and β-TCP can be obtained by controlling the
synthesis condition. Among the synthesis parameters, initialFig. 3. Service demands for Artiﬁcial Intelligenc
Table 2
Preparation of calcium phosphate powders at 20 1C.
pH of reactants (input) Ca/P ratio of reactants (input)
Ca/P ¼1 C
Reaction products (output)
4 0.98 0
5 0.98 0
6 0.98 1
7 0.99 1
7.5 0.99 0
8 1 1
8.6 1.05 1
9 1.15 1
9.5 1.18 1
10.5 1.19 1
11.5 1.25 1pH value, reaction temperature, and initial Ca/P molar ratio
have important effects on the Ca/P molar ratio of the products,
which in turn determines the phase content and bioactivity of
the resulting calcium phosphates [7,10,20,23,24].
Given that experimental methods are time-consuming and
costly, computational models such as artiﬁcial neural networks
(ANN) have been used to minimize these limitations by
estimating the results [25–27]. ANN, also called a neural
network (NN), is a mathematical or computational model
based on the structure and/or functional aspects of biological
NNs. ANN acts as a black box device that feeds with input
data, and produces the output data. In the training phase, the
system learns the data, which means that it sets its internal
parameters in a way that is consistent with reality, i.e., with the
experimental (or experience) database [28]. In most cases, ae and trends in materials science [50].
a/P¼1.5 Ca/P¼1.67 Ca/P¼2
.97 0.96 0.99
.98 0.98 1
0.97 0.99
1 1.02
.98 0.99 1.01
.1 0.98 1.02
.1 1.01 1.12
.17 1.13 1.21
.22 1.24 1.35
.36 1.53 1.59
.37 1.57 1.63
M. Asadi-Eydivand et al. / Ceramics International 40 (2014) 12439–1244812442modern ANN consists of an interconnected group of neurons
and is a system that changes its structure based on external or
internal information ﬂowing through the network during the
learning phase. These characteristics allow ANNs to identify
complex nonlinear relationships between input and output data
sets [29,30]. The mathematical features of ANNs can be found
in textbooks [31,32] and are not discussed in detail here.
In recent years, ANNs have been used in many ﬁelds of
materials science and biomedical engineering [28,33–41]. Given
the ability of ANNs to learn from examples, experiences, and
generalization, researchers have regularly used them as pre-
dictors [42–45] and in parameter identiﬁcation [41,46]. ANNs
are also used in modeling and optimization in materials science
[41,47–49]. The main demands for artiﬁcial intelligence techni-
ques in materials development are summarized in Fig. 3 [50].
The present study aims to measure and predict the Ca/P
ratio, as the most important factor that determines the proper-
ties of wet chemically synthesized BCP powders; such as
solubility and bioresorbability. This work is the ﬁrst report of
predicting composition of wet-chemically synthesized biphasic
calcium phosphates based on the Ca/P ratio using a computa-
tional method. We developed an ANN model using the pH and
Ca/P ratios of the reactants as the inputs of the model based on
our previous study [51]. Furthermore, we improved and
optimized the ANN model to accurately predict the key
structural feature of the BCP composite powders by changing
the sample numbers in each step, the number of hidden layer
neurons, and training the resulting networks. The predicted
Ca/P ratios were compared with the measured values to evaluateFig. 5. Conﬁguration of three-layered feed-forward
Fig. 4. ANN model for the prediction of the Ca/P ratio of wet-chemically
synthesized BCP.the performance of the optimized network. By predicting the
Ca/P ratio of biphasic calcium phosphate biomaterials, the
design and fabrication process of these materials for the desired
applications can be improved.2. Experimental procedure
2.1. Synthesis and characterization of calcium phosphate
powders
The calcium phosphate powders were synthesized using
previously described methods [22,52,53]. Calcium nitrate
tetrahydrate (Ca(NO3)2  4H2O) (Merck no. 2120) and dia-
mmonium hydrogen phosphate ((NH4)2HPO4) (Merck no.
1201) were used as starting materials and sources of Ca and
P, respectively. HNO3 (Merck no. 456) and NH4OH (Merck
no. 5432) were used to adjust the pH of the solution mixture
during the process. A diammonium hydrogen phosphate
solution was added drop wise to a calcium nitrate tetrahydrate
solution with rigorous stirring to prepare the BCP powders via
wet chemical method. The suspension was then centrifuged
(Sigma 2-16) and the resulting cake was dried and grinded by a
mortar and pestle before passing through a 210 μm sieve.
Phase analysis of powders was performed via X-ray diffraction
(XRD) (Philips PW 3710). The XRD data were collected at a step
size of 0.02o, scan rate of 2 min
1, over a 2θ range from 101 to 601
with Cu-Kα radiation (0.1542 nm). Phase identiﬁcation was
achieved by comparing the diffraction patterns of the samples
with ICDD (JCPDS) standards. Fourier transform infrared spectro-
scopy (Bruker IFS 48) was performed using pellets of powdered
samples mixed with KBr to evaluate the functional groups of the
specimens. FTIR spectra were obtained over the region of 400–
4000 cm1. The Ca/P ratios of CP samples were determined by
inductively coupled plasma (ICP) atomic emission spectroscopy
(ICP-AES ARL-3410). To do this, 0.1 g of each powder sample
(previously dried at 90 1C for 24 h) was dissolved in 1 cm3 of
concentrated nitric acid and then was diluted to 100 cm3 with
deionized water.ANN used to predict the Ca/P ratio of BCPs.
M. Asadi-Eydivand et al. / Ceramics International 40 (2014) 12439–12448 12443The initial Ca/P molar ratio, the pH of the solution, and the
Ca/P ratios of the products are shown in Table 2.
2.2. The neural network model
An ANN Model was used to predict the Ca/P ratio of the wet-
chemically synthesized BCP. As shown in Fig. 4, the inputs of the
model are pH and the Ca/P ratio of the reactants. In ﬁtting
problems, The ANN model used in this study is a feed-forward
back propagation NN with three (input–Hidden–output) layers and
hyperbolic tangent sigmoid transfer functions in the hidden layer.
The ANN model used in this study was a feed-forward back
propagation NN in three layers. Fig. 5 presents the conﬁgura-
tion of the developed NN.
The ﬁrst layer has input neurons that send data through
synapses to the second layer of neurons, and then through
more synapses to the third layer of output neurons. More
complex systems have additional hidden layers with more
input and output neurons. A feed-forward NN with sigmoid
hidden neurons and linear transfer function in the output
neurons can ﬁt the multi-dimensional mapping problems well
given a consistent data and a sufﬁcient number of neurons in
its hidden layer [39,54].
In this study we used the Neural Network Toolbox™ software
from Matlab. It is used to select data, create and train the network,Table 3
Sample numbers representing speciﬁc synthesis condition (pH, initial and ﬁnal Ca
Sample no. 1 2 3 4 5
Input 1 1 1 1 1 1
Input 2 4 5 6 7 7.5
Output 0.98 0.98 0.98 0.99 0.99
Sample no. 12 13 14 15 16
Input 1 1.5 1.5 1.5 1.5 1.5
Input 2 4 5 6 7 7.5
Output 0.97 0.98 1 1 0.98
Sample no. 23 24 25 26 27
Input 1 1.67 1.67 1.67 1.67 1.67
Input 2 4 5 6 7 7.5
Output 0.96 0.98 0.97 1 0.99
Sample no. 34 35 36 37 38
Input 1 2 2 2 2 2
Input 2 4 5 6 7 7.5
Output 0.99 1 0.99 1.02 1.01
Table 4
Topology and MSE of the primary developed NN.
Network no. Training/validation/testing samples Hidden layer n
1 30/7/7 15and evaluate its performance by using the mean square error
(MSE) and regression analysis. The Levenberg–Marquardt back-
propagation learning method is used in this Toolbox [55,56] with
using this method the performance function is always reduced in
iterations of the algorithm. In other words, the training process
continues until the validation error cannot be decreased any further.
The MSE of an estimator 3θ with respect to the estimated
parameter θ is expressed as Eq. (1):
MSEðθÞ ¼ E½ð3θθÞ2 ð1Þ
The inputs and targets data set (44 samples) were randomly divided
into three (training/validation/testing) sets [55,56]. The training
process was run for each set of data, as shown in Table 2. First, the
neural network was developed with 15 neurons in the hidden layer,
30 samples for the training step, seven samples for the validation
step, and seven samples for the testing step.
Generally, one hidden layer is adequate to provide an accurate
prediction. However, there is no exact rule to specify the number of
neurons in the hidden layer. Introducing more neurons prevents
generalization and increases the training time. In contrast, using
very few neurons causes the neural network fail to properly map
the inputs and output data. A very common approach to select the
optimal number of hidden nodes and number of samples for each
step is the trial-and-error method [31,32]. Particular networks with
different numbers of neurons in the hidden layer or different/P ratio).
6 7 8 9 10 11
1 1 1 1 1 1
8 8.6 9 9.5 10.5 11.5
1 1.05 1.15 1.18 1.19 1.25
17 18 19 20 21 22
1.5 1.5 1.5 1.5 1.5 1.5
8 8.6 9 9.5 10.5 11.5
1.1 1.1 1.17 1.22 1.36 1.37
28 29 30 31 32 33
1.67 1.67 1.67 1.67 1.67 1.67
8 8.6 9 9.5 10.5 11.5
0.98 1.01 1.13 1.24 1.53 1.57
39 40 41 42 43 44
2 2 2 2 2 2
8 8.6 9 9.5 10.5 11.5
1.02 1.12 1.21 1.35 1.59 1.63
eurons MSE (training/validation/testing) Average of MSE
1.01310e-3 1.23e-02
1.38659e-3
3.45532e-2
Table 5
Topology and MSE of the additional developed NN.
Network
no.
Training/validation/
testing samples
Hidden
layer
neurons
MSE (training/
validation/testing)
Average
of MSE
M. Asadi-Eydivand et al. / Ceramics International 40 (2014) 12439–1244812444numbers of samples for each step were designed to minimize
estimation errors (optimization of the prediction). These
networks were evaluated using MSE. The performance of the
network with the lowest error was veriﬁed using four additional
data samples.2 30/7/7 10 3.84556e-4 1.40e-03
1.46444e-3
2.33655e-3
3 30/7/7 20 5.61240e-3 3.02e-03
2.00750e-3
1.42976e-3
4 26/11/7 10 3.72224e-3 2.53e-03
2.06596e-3
1.81122e-3
5 26/11/7 15 3.05664e-3 7.57e-03
1.35770e-2
6.07170e-3
6 26/11/7 20 3.66329e-3 8.46e-03
4.22121e-3
1.74953e-2
7 31/9/4 10 1.79462e-4 8.68e-04
1.38677e-3
1.03900e-3
8 31/9/4 15 2.86510e-3 6.81e-03
4.55863e-3
1.30112e-2
9 31/9/4 20 5.43148e-3 2.95e-03
1.27368e-3
2.13045e-33. Results and discussion
The synthesis conditions of the sample numbers used to
develop the networks are given in Table 3. Each sample
number represents a speciﬁc set of pH and initial Ca/P ratio as
inputs, and Ca/P ratio of the products as output of the
networks. A total of 44 samples were used to create the
networks.
As shown in Table 4, the training, validation, and testing
sets have 30, 7, and 7 samples, respectively. The number of
neurons in the hidden layer is 15. The comparison of the
predicted values and the experimental results of this neural
network are shown in Fig. 6. The average MSE result of the
ﬁrst developed neural network exceeds 0.01, and is not
uniformly distributed. The predicted values from the network
are not close to the measured values for several sample
numbers.
The prediction accuracy varies with the number of hidden
neurons and the training instance. Thus, eight more networks
were developed, which differed in number of hidden layer
neurons (10, 15, 20) and samples (30/7/7, 26/11/7, 31/9/4) for
each stage as shown in Table 5, to reduce the average MSE
and improve error distribution.
Based on the data shown in Table 4, network No.7 (31/9/4,
training/validation/testing samples and 10 neurons in hidden
layer) has the lowest MSE average. The optimized network
demonstrates a close agreement between the experimental and
predicted values and the errors are more evenly distributed, as
clearly shown in Fig. 7.
In Fig. 8, the predicted Ca/P ratios of the synthesized biphasic
powders are compared with the measured values at various
synthesis conditions. As seen in this ﬁgure, the optimizedFig. 7. Comparison of the experimental and predicted values of the optimized NN.
Fig. 6. Comparison of the experimental results and predicted values of the
primary NNnetworks demonstrate better performance in all combinations
of initial Ca/P ratios and pH values, and a proper correlation
exists between the actual and calculated values.
M. Asadi-Eydivand et al. / Ceramics International 40 (2014) 12439–12448 12445Four random additional data as inputs were run by the
optimized network to investigate the accuracy of the optimized
network. The predicted results (Ca/P of the product) are shown
in Table 6. Four additional samples based on the four
mentioned random additional data were synthesized (CP1–CP4)Fig. 8. Predicted Ca/P ratios of the synthesized biphasic powders compared with th
1.67 and (d) 2.
Table 6
Investigation and performance of the optimized network based on the four extra d
Sample Data Initial Ca/P ratio
(input 1)
pH (inpu
CP1 1 1.67 12
CP2 2 1.67 11
CP3 3 1.00 11
CP4 4 1.00 10and characterized by ICP to verify the performance of the
optimized network. The initial synthesis conditions and actual
Ca/P ratios of the products are shown in Table 6.
Based on the parameters in Table 5, four additional samples
were synthesized and characterized by XRD and FTIR toe experimental results at different pH and initial Ca/P ratios: (a) 1, (b) 1.5, (c)
ata sets.
t 2) Ca/P ratio of products
(measured)
Ca/P ratio of products
(predicted)
1.59 1.5129
1.56 1.5811
1.23 1.2087
1.21 1.1935
Fig. 10. FTIR patterns of the calcium phosphate samples.
M. Asadi-Eydivand et al. / Ceramics International 40 (2014) 12439–1244812446investigate the existing phases. By using the combination of
XRD and FTIR data, Ca/P ratio values acquired empirically
can be associated to certain calcium phosphate phases. The
peaks of these samples are indexed in Fig. 6 based on standard
patterns (JCPDS). The diffractograms of the samples CP2 and
CP3 show additional peaks aside from the HA peaks. The
peaks correspond to β-TCP and are indexed based on the
standard card (JCPDS 09-0169).
The XRD pattern of CP1 in Fig. 9 shows pure and well-
characterized peaks of HA, which are indexed based on a standard
pattern (JCPDS 09-0432). The intensity of the HA peaks decreases
from CP1 to CP4, which indicates that the amount of hydro-
xyapatite decreases as the Ca/P ratio of the reactants decreases
during the preparation procedure given a constant pH. The sample
CP4 shows only the peaks of β-TCP, which indicates the presence
of a single phase β-TCP. The intensity of the β-TCP peaks
decreases from CP4 to CP1 as the pH of the suspension increases
during the preparation procedure given a constant initial Ca/P ratio.
The FTIR spectra of the CP powders are shown in Fig. 10 The
spectra illustrate the hydroxyl bond stretch at 3550 cm1 and
HOP4
2 at 970 cm1, which correspond to the HA and β-TCP
structures, respectively. The vibrational bands of the phosphate
ions are observed in all of the samples. Given the insigniﬁcant
amount of hydroxyapatite in the CP3 and CP4 samples, the
hydroxyl band disappears and forms a relatively broad-band stretch
over the range of 3300–3800 cm1 as a result of the adsorbed
molecules of water. The peak area of the hydroxyl band decreases
at 633 cm1 when the amount of tricalcium phosphate phases inFig. 9. XRD patterns of the calcium phosphate samples.
Fig. 11. Comparison of the predicted and experimental results for four
additional samples.the CP2–CP4 samples was increased. The hydroxyl vibrational
band disappears in the CP1 sample.
In Fig. 11, the sample points of the measured Ca/P ratios are
compared with the values predicted by the NN model with an
MSE of about 1.77879e-3. The graph illustrates that the
predicted values from the network are close to the measured
Ca/P ratios. In addition, the experimental results for Samples
1–3 are in close agreement with the predicted values. Although
Sample 4 was synthesized at pH 12 (a pH value not considered
when training the network), the approximated result remains
acceptable.
M. Asadi-Eydivand et al. / Ceramics International 40 (2014) 12439–12448 124474. Conclusions
In this study, the Ca/P ratios of BCP powders, wet-chemically
synthesized at different pH levels and initial Ca/P ratios, were
measured experimentally and predicted using a mathematical
model. The predictions were performed based on a three-layered
back propagation ANN model. The NN was designed with
15 neurons in the hidden layer. The training, validation, and
testing sets have 30, 7, and 7 samples, respectively. The pH and
Ca/P ratio of the reactants were considered as inputs and the Ca/P
ratio of the products was considered as the output parameter.
Given that the predicted values from the network are not
close to the actual values of several sample numbers and that
the average MSE is not uniformly distributed, eight additional
networks were developed. These networks differ in the number
of hidden layer neurons and samples for each stage. The
optimized network with the lowest and most uniformly-
distributed average MSE is the network with 10 neurons in
the hidden layer and 31, 9, and 4 samples for the training,
validation, and testing steps, respectively. The optimized
network was investigated and veriﬁed by evaluation using
four additional random data sets.
The comparison of the predicted values with those obtained
by measurement conﬁrmed that ANN is an effective tool to
calculate and predict the Ca/P ratio of wet-chemically synthe-
sized BCPs. Despite the relatively small amount of the initial
Ca/P data sets, the ANN model returned satisfying results over
the entire range of reaction pH and initial Ca/P ratios. The
predicted Ca/P ratios can be used to determine the phase and
solubility behavior of biphasic calcium phosphate biomaterials.
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